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Abstract

This paper presentsa techniquefor usingtraining datato
designimage filters for appeaance-basedabjectrecayni-
tion. Ratherthanscanningheimage with a singlesetof fil-
tersandusingtheresultsto testfor the existenceof objects,
we usemanysetsof filters and take linear combinationsof
their outputs. The combiningcoeficientsare optimizedin
a training phaseto encoumnge discriminability betweerthe
filter responsesor distinct parts of the objectand clutter.
Our experimentson three popularfilter typesshowthat by
usingthis approad to combinesetsof filters whosedesign
parametes vary over a wide range, we can achieve detec-
tion performancecompetitivawith that of anyindividualfil-
ter set. Thisin turn can easethe task of fine-tuningthe
settinggor boththefiltersandthemehanismghatanalyze
their outputs!

1. Intr oduction

In recentyears,local-appearance-basegpproacheso ob-
ject recognitionhave showvn greatpotentialto solve detec-
tion and poseestimationproblemsbecausehey combine
themodellingsimplicity of global-appearance-basatkth-
ods[14] with the robustnesghey lack. An objectis repre-
sentedby the appearancesf its part$ in a setof labelled
training images(Figure 1); finding the objectin a novel
view begins with searchfor imagepatchescontainingthe
componenparts(Figure2). After thesesectionsof object
have beenfound, their relative positionsin theimagegives
evidenceto the poseof theobject[21] or thelik elihoodthat
thepartdetectionaverespurioug3].

In mary approachescomponentappearances repre-
sentedby the responsesf imagewindows containingit to

1This work wassupportecby NSF Grantl1S-9907142.

2Throughoutthis paper we usethe terms*“part! “component, and
“section”to referto ary smallpieceof surfaceon the object,notits func-
tional componentgi.e. limbs, joints, etc.) For example,eachof the la-
belledrectanglesn Figure2 framestheimageof whatwe call an*“object
part! Theterm“patch” alwaysappliesto imagesnot 3D surfaces.

Figurel: Exampleimageswith objectpartslabelled.

oneor morefilters. A commonparadigmis to first gather
up exampleimagepatchegontaininghepartsandrunthem
throughthefilters; thefilters canthenbe appliedto a novel
imageandtheir responsesomparedo thosefor the train-
ing viewsto checkfor partmatcheskFilter setsappropriated
for this purposeinclude convolutional kernelslike Gabor
wavelets[2] [13][18] and Gaussiarderivatives[18[2][17],
differential invariantsbasedon combining the outputs of
thosekernels[19], local eigenspaces/PCP5][10][15], and
color statistics[22]. Eachcontainsdistinct characteristics
that make themadwantageousfor example,Gaborkernels
arewell-localizedin spaceandfrequeng, invariantscantol-
eratetransformationf the image,andlocal eigenspaces
minimizereconstructiorerrorof thetrainingviews.

But none of thesefilters are designedfrom the begin-
ning with componentdetectionin mind. Thoserelying on
pre-defineanksof kernelsor statisticsarenot necessarily
tunedto the appearancesf specificobjectsand erviron-
ments,so if the designparameter®f the kernelsare not
properlyset,it is possiblethatfilter responsefrom distinct
object partswill be indistinguishablefrom eachother, or
thatoutputsfor backgroundlutterwill bethesameasthose
for the objectto be searchedor. Local eigenspacesal-
thoughderiveddirectly from trainingviews, arenotnecces-
sarily tunedfor discriminability either they maximizethe
pooledcovarianceof all examplepatcheof all objectcom-
ponents but do not necessarilyencouragaliscriminability



betweenthe different componentsand background. As a

result,implementationsely on two typesof optimizations:
tuningthedesignparametersf thefilters sothatoutputsfor

distinct partsare distinct, and adjustingthe settingsof the

classificatiormechanisnthatdecidesvhichfilter outputsat

run-timecorrespondo which sectionsof object. For exam-

ple, supposene wantto recognizeobjectsby usingimage
responseto a setof Gaussiarderivativesto tally votesfor

objectpartsin ahashtable,asin [17]. For somerecognition
scenariodt may be unclearhow to determinewhat Gaus-
sianstandarddeviation (later referredto asthe “width” or

“scale” of thekernel)will resultin responsethatarewell-

clusteredfor the samecomponentand well-separatedor

differentcomponentsit may alsobe difficult to determine
how to sizethebinsin the hashtableto minimizeincorrect
votes.

Therearetwo commonsolutionsto this problem. First
is to discretizethe rangeof reasonabldilter parameteset-
tings, run recognition experimentsusing each setting in
turn, and selectthe setting which gives the best perfor
mance. Secondis to generatefilter response®ver mary
parametewraluesfor the sameimagepatchat trainingtime
and/orrun time. As an exampleof the secondapproach,
Schieleet al [18] gatherresponse®f training patchesto
Gaussiarderivativesor Gaborkernelsat several scaleoff-
line and comparetheseto the outputsfor a single scale
on a new image. Local eigenspacdechniques,on the
otherhand,tendto take the first approachgeneratingfil-
terresponsefor a singleparametesettingfor trainingand
testing[4[10][15].

We shav experimentallythatby optimizing linear com-
binationsof filter setsover a rangeof filter parametersve
can achieve good part detectionperformancewithout re-
quiring a suite of trial-and-errorexperimentsor training a
classifierwith multiple distinctsetsof responseger patch.
Furthermorewe demonstratéhatin somecasestheresult-
ing filters canenhancelassificatiorto adegreethatenables
simplerclassificatiormechanismsit run-time. We empha-
sizethatthis paperdoesnot proposea new functionalform
for imagefilters; rather we introducea way to usetraining
datato automaticallycombinesetsof filters of any typein a
way thatenhancesletection.

We call the resultingfilters discriminantfilters because
thecombiningcoeficientsareoptimizedto discriminatebe-
tweenresponsedor distinct object partsand clutter  As
anexample to designthe Gaussiarderivative kernelsmen-
tionedearlierwe would synthesizenary filter sets,onefor
eachchoiceof Gaussianwidth overarangeof plausibleval-
ues.We thencomputetheresponsesf thetraining patches
to eachof the filter sets,and determinewhat the coefi-
cientsof alinear combinationof thosefilter setsshouldbe
sothatthe responsesor differentobjectpartsarediscrim-
inatedfrom eachother, while responsesor the samepart

Figure 2: Detectionof a subseif the partsfrom Figure 1 andclutter
(marked “C”) in a novel image. For display purposeswe only searched
for six of the 11 labelledsectionson this side of the mug. The numberof
rectanglesroundeachcomponents proportionalto the confidencen its
classification.Note thatthe window on the upperleft portion of the mug
is not mislabelledasclutter; sincenoneof the component®f interestare
on that portion of the object, it is technically“clutter” for partsdetection
purposesResultsfor detectionof the completesetof mug partsusingthe
approactdescribedn this paperarepresentedn Section4.

aretightly clustered.The discriminantfilter in this caseis
theresultof combiningthe Gaussiamerivativesusingthose
coeficients.

A sunwy of relatedapproacheso filter designis in Sec-
tion 2, followed by the formulation of discriminantfilters
in Section3. Detectionexperimentswhich apply discrim-
inant filters to three previously reportedimagefilters are
describedn Section4 anddiscussedn Sectionb.

2. Previous Work

To describegheproblemsettingmoreformally, we startwith
S setsof exampleimagepatchesC = {C1,Cs,...,Cs}
correspondindo views of S differentobjectsections.We
denotea setof m imagefilters asa function ® which maps
a k-dimensionalspaceof image patchesof fixed size to
the m-dimensionakpaceof filter outputs.Our recognition
paradigmis to compute®(z) for all z € C' andusethese
outputsto train a classifierto correctly detectwhen novel
response®(z;) correspondingo imagepatchese; contain
someobjectpart. This sectionreviews previousdesignsfor
& andtheclassifier

Several authors,including [5], [15], [20], and[10] pro-
posethe use of principal componentsanalysisto model
the local appearancesf componentsmuch the way ear
lier researcherfl2] [14] modelledglobalappearancesAn
eigenspacalecompositionis computedfor the set of all
training patchegqor Fouriertransformsof themasin [10]),
and run-time parts detectionconsistsof projecting novel
imagewindows onto the first several significanteigervec-
tors. Sinceprojectingpatchednto the eigenspacés a dot-
productoperation,the significanteigervectorscan equi-
alently be thoughtof as eigen-"filters” that are correlated



with thetestimage.In otherwords,PCA techniquesvhich
project data onto the first m eigervectorscan be formu-
latedasanm-dimensionalp. Local eigenspaceareanex-
cellentway to modelthe appearancesf componentsn a
low-dimensionakubspaceaincethefirst m principal com-
ponentsepresenthe bestm-dimensionafit of all patches
in an SSDsensehowever for our applicationwe aremore
interestedn discriminatingbetweensetsof imagepatches
thanreconstructinghem. In particular while eigenspace
techniquesnaximizethecovarianceof filter outputsoverall
classe®f imagepatchesthey do notnecessarilygncourage
partitionsbetweerthem. As aresult,it is necessaryo tune
parametersf the PCA decomposition-namely the image
patchsize and numberof significanteigervectors—to en-
surethateigenfilterresponse$or differentobjectpartsand
for clutterarenot confused Reasonablsettingsdependn
the scaleof objectfeaturesandviewing conditionssuchas
levelsof occlusionnoise,clutter, andlighting.

A more prevalent approachto filter designis to con-
structbanksof corvolutionalkernelsbasedon criteria that
do notdependbnindividual instance®f training data. Ga-
bor wavelets are an especiallypopular kernel choice [2]
[13][18] sincethey arelocalizedin frequeng and space;
it is easyto synthesizea setof Gaborkernelsthatregularly
blankets spatialand frequengy domains. Gaussiarderiva-
tivesarealsowidely used[18][2][17] duein partto thefact
that responseso them are equivariantto scale[18]; they
havetheaddedadvantagehatfilter outputsfor certaintrans-
formationsof the image patchescan be determinedauto-
matically by steering[T. While thesekernelsform a math-
ematicallysoundway to representheimagesignalpresent
in thepatchesresponsefrom themarenot necessarilguf-
ficient for discrimination;in practicewe will needto ad-
justtheGaussiarwidthsof thesefilters, andthefrequencies
of Gaborkernels,to ensurethat the information extracted
from views of differentobjectpartsandclutter canbe dis-
ambiguatedrom eachother

Invariantsbasednkernelresponsearehelpful sincethe
outputsfor the sameobjectcomponentwill not vary at all
whenthe image of the part undegoescertaintransforma-
tions; for examplethe differentialinvariantsin “jet” space
computedby Schmidetal[19] will notchangeaf theimage
of the part undegoesa rigid displacement.Still, thereis
no guaranteahat for a particularsetof kernel parameters
theseinvariantswill be distinguishableor differentparts.
Again, to ensurediscriminability, the settingsof the kernel
bankmustbetuned.

Other imagefilters, for example thosebasedon local
contourinvariants[21], color invariants[22, andLaplacian
zero-crossingmageq11] couldsuffer the samdimitation—
the parameterdor thesetransformationamay needfine-
tuning to reduceconfusionbetweenoutputs for distinct
components.

An expressve classificatiormechanismmay accommo-
dateimagefilters whoseoutputsare not necessarilytuned
for discrimination. Mohan, for example[13, gets good
partsdetectionresultsusing Gaborkernel responseglas-
sified by a setof supportvector machineswith nonlinear
Mercerkernels,while Nelsonet al [21] achieve high per
formanceusing contourinvariantsand a hashtable. The
drawbackis thattheclassificatiormechanismaregoverned
by their own setof parametershat mustbe tuned. In par
ticular, the choiceof Mercerkerneland penaltytermsfor
SVMs affect detectionandfalsealarmrate while bin size
and policy for handingout votesare critical for indexing
schemesgo performwell. Thereis evidencethat hashing
schemesn particularare especiallysensitve to parameter
settingg[8]. Worse,the effect of filter designandclassifier
designon performances coupled-a changedn the number
of eigervectorsin PCA, for instancemay alter the design
of k-nearest-neighbatistancefunctionswhich analyzethe
filter responsesOur resultssuggesthatin somecasedis-
criminantfilter responsesanclusterwell enoughthatsim-
ple classifierscan perform well- for example,we seeac-
ceptabledetectionresultsby fitting Gaussiardistributions
to outputs.

While discrimination-centeretkechniqueshave not yet
beenappliedto filter selectionin local-to-globalrecogni-
tion, they have appearedn globalapproachesin the Fish-
erfacesmethod[], imagesof an entire object (facesin
this case)are projectedinto a low-dimensionalspaceus-
ing PCA, anda secondineartransformatioris determined
by optimizing a Fisherratio to encouragelisparateoutputs
for differentobjectsandsimilar outputsfor the sameobject.
Our approachdiffersin that we take mary imagetransfor
mationsandcombinetheir outputs while Fisheraicesncor-
porateoneeigenspaceecomposition.

Meanwhile, in a number of texture segmentation
papers[1§23], local-level filters aretunedfor discrimina-
tion. Randenand Husgy[1§, in particular optimize lin-
earFIR filters for a particularsggmentatiorscenaricsothat
maximizingthe separatiorof their outputsto two textures
becomesn eigervalueproblemsimilarto thatfoundin the
formulationsfor both Fisherficesand discriminantfilters.
However, someaspectf the sggmentationscenarioand
assumptiongnadeby the authorsrestrictthe applicability
of thisapproachio componentietection.For example Ran-
denandHusgyassumehatthetexturepatchesreseparable
autorgressve fields, while Weldon and Higgins[23 con-
siderpatcheghatarewell-modelledasa dominantsinusoid
plusbandpassoise.

3. Approach

For notational simplicity we illustrate the approachfor
the caseof discriminatingbetweentwo partswith image



patcheg’; andC,. Ourgoalisto deriveafunction® which
maximizesthefollowing criterion:

R = |C’1|1|C'2|Zz1€C1,:1:2€C’2 ”q)(xl) - (I)(sz)“z

Sopetencny (F) T e, 12(1) = q’(“)'f)
1

Thenumeratoisummarizeshedistancedetweerprojected
patchesn C; andprojectedpatchesn C; andis analogous
to the between-classcatterof Fisherdiscriminants[. The
denominatorsummarizeghe distancesbetweenprojected
patchesin the sameset and is analogousto within-class
scatter We assumethat two setswhosepatchesare well-
separatefrom eachotherwill betheeasiesto discriminate,
sowe seeka ® whichmaximizeghenumeratoratthesame
time, we assumeéhatwell-clusteredsetsof featuresrequire
simplerrepresentationfor discriminationsowe want ® to
minimizethedenominatar

We express® asa linearcombinationof m-dimensional
basisfunctionse; :

23
@(m)zzaj'ﬁbj(w), ¢j(z) = 2J:

bm ()

Thisrepresentatiors notarestriction;we canrepresenar-
bitrarily complex functions® providedthatwe have a suffi-
cientnumberof uniquebasisfunctions.Eache; represents
onesetof filtersfor a particularparametesetting;returning
to the Gaborkernelexample,eachg; could correspondo
a differentchoiceof ervelopewidth, with each¢;; being
a Gaborkernelwith thatwidth and somechoiceof orien-
tation andfrequeng. Givena setof n basisfunctions¢;
for n differentparametersettings,we seekto find the set
of coeficientsa = [ag, a9, - ,an]T which maximizes
R. Substituting} " ; o; - ¢; () for @ in (1) andrearrang-
ing terms,we seethatthe numeratoiis equalto

1
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Theratio maybeexpresseaquialentlyas
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whereN andD aren-by-nmatricessuchthat

N(j, k) (A1jk — 2B1gjk + Agjk)

_ 1
|C1|Ca

and

. C
D(j,k) = (l 21|> (2A1k — 2B11,)

C.
+ <| 22|> (24251 — 2B22jk)

Thea whichmaximizes(2) is theeigervectorcorrespond-
ing to the maximumgeneralizeceigervalueof N and D.
Note that the coeficients A, ;;, and B,,;, which comprise
N andD arereadilycomputedy evaluatingthebasisfunc-
tions ¢ (x) over all elementf both setsC; andC, and
taking various dot productsand sums. The generalized
eigervaluesof N and D maythenberecoreredusingwell-
establisheschumericaltechniques.

This formulationis notrestrictecto two-componentlis-
crimination. In the generalcase the within-classdistances
in the denominatomwill be summedover all setsand the
across-clasdistance#n thenumeratowill besummecdbver
all pairsof setsthus

, 1
NG, k)= Y ==(Apjk — 2Bpgjk + Agjr)
oo, 1GolICl

and

. C
D(j,k) = Z <| 2p|> 2Apjk — 2Bppjik

Cp

To summarize pur problemof combiningbasisfunctions
to maximizedistancesacrosssetsof image patcheswhile
minimizing distanceswithin the setsreducego evaluating
the basisfilters on the patchesn the setsandfinding gen-
eralizedeigervalues. As a concreteexample, supposewve
wouldlik e to useavectorof differentialinvariantsbasecn
derivativesof a Gaussiar{asin [19]) to detectcomponents,
butit is unclearhow to chooseoneor moreGaussiawidths
for thefilters. We let eachg; correspondo onesuchvector
of invariantsfor a particularchoiceof ¢; by varyingo dis-
cretelyoverarangewe arrive atasetof ¢; functionswhich
arecombinedusingthe derived coeficientsa.



Figure3: A sampleof clutteredscenesontainingthe mug.

4. Experiments

We collectedmagesof acommonobject(Figure3) in vary-

ing posesandlabelledthelocationsof selectedbjectparts
asin Figure 1. For eachrecognitionexperiment,we se-
lectedstandardmagefilters from theliteratureandinstan-
tiated basisfunctions ¢; correspondingo a rangeof pa-

rametersettingsfor it. Given a subsetof the labelledim-

agesastraining data,we usedthe basisfunctionsto derive

discriminantfilter coeficientsasin Section3, andusedthe

remainingimagesfor evaluation. To placethe experiments
in thecontext of previously reportedcend-to-endalgorithms,
we traineda nearest-neighbaslassifierbasedon filter out-

putsasin [2][19][10][4][14][15][1]. For comparisonwe

alsotrainedGaussiarlusterdor classificatioraswell. This

sectiondescribeghe dataandexperimentsn detail.

4.1 Data

We took 60 imagesof a coffee mugwith a hand-heldcam-
era.Of thesephotos,12 featuredthe mugagainstaflat grey
backgroundandin the restit was surroundecby a selec-
tion of clutter objects(Figure 3). For eachof theseshots,
the camerawas at roughly the samedistanceand eleva-
tion from the object, but therewere still slight variations
in objectscaleandin all component®f rotationsincethe
camergoositionswerenot carefully controlled. The clutter
objectsmaintainedthe samespatialarrangementvith re-
spectto eachotherin 12 of the pictures;for theother36 we
moved the piecesaroundbetweenframes. We labelled18
component®n the mugin every view (Figure1). Eachof
themappearedn atleast20images.

4.2 Experimental Procedure

For eachfilter basisand classifier we ran trials consisting
of thefollowing steps:

o DataCollection

1. For eachpart,randomlyselect20 views of it and
partition them so that 75% (15 views) are used

for training,andtestingis doneon theremaining
25% (5 views).

2. Select100 image patchesof clutter at random
andpartitionthese75-25into train andtestsets.

e Training

1. Solve the eigervalue problem for discriminant
filter coeficientsover the partsandcluttertrain-
ing sets treatingthe clutterasthoughit werean-
otherobject“part.”

2. Store the discriminantfilter responsedor the
training views and train a classifier basedon
them.

3. Storethe filter outputsfor eache; on training
patchesandtrain a separateclassifierfor the re-
sponseso eachg; .

4. Gatherup all responses$o eachseparatep; and
train oneclassifierusingall of themtogetheras
exampledata.

e Testing

1. Runtestsetpatcheghrougheachof the ¢; fil-
ters, computethe discriminantfilters response
from them,andprocesghe resultsthrougheach
of the classifiers. In the caseof the “all-¢;s-
at-once” classifier we follow a strateyy found
in earlier approaches[]f18]: pick one ¢; and
computeresponsefor it atruntime.

We ran 25 trials of this sort for eachclassifierand fil-
ter basis. Specificcharacteristicef our classifiersarede-
scribednext.

4.3 Classifiers

We represenbur setof Nc classifiersfor Nc¢ objectparts
asfunctions{ f1, f2,- - fnc}. To train, we optimizethese
functionssothat f, is high for imagesof component. At
runtime we gatherup all scores{ f1(z), f2(x), - - - fne(x)}
for all testcasest andcounthow mary correctclassscores
are above a certainthresholdversushow mary incorrect
scoresare above the samethreshold. In otherwords, this
assessmerns somavhat“pessimistic’ asonetestexample
canaccounffor mary falsealarms.

For k-nearest-neighborsye computethefilter response
®(x) for eachtestpatchz andfind the k trainingexamples
X¢ = {zf,z5,---xf} from eachclassc whoseresponses
areclosestto . Theclassscoref.(z) for z belongingto
classc isthen

fe@) = Y exp(—C x |l2° — z||*)

reeXe



Figure4: Imagepatchmodulatedoy arangeof Gaussiarervelopes.For
eachGaussiana PCA decompositioris computecdn thesetof all training
patchesnodulatedy that Gaussian.

We estimatethe parameterC for eachclassby brute
force at training time; for eachz in classc, we compute
fe(x) — maxc,£.(fe,(x)) for 50 different settingsof C
rangingfrom 10~% to 10%. In the endwe pick the C for
which the medianof thesevaluesis highest. We empha-
sizethatwhile this optimizationis time-consumingit is ex-
actly the sort of optimizationthatin somecasesa nearest-
neighborclassifiemayrequireto ensuregoodperformance;
thereareno theoreticalreasondor the exponentialin f. to
take on onevalueor another In all experimentswve setk to
5.

To compareperformancewith a less-fleible, easily-
trained classifier we ran trials in which we fit a Gaus-
siandistribution to filter outputsfor trainingdata. In other
words,the classifierfor eachpartc is a Gaussiariunction:

fe(@) = (1/@m) 2|18 D eap((=1/2) (z—p) = z-p))

and at training time we usefilter responses$o estimate
themeanu andcovarianceX. Sincethecovariancematrices
¥ areestimatedusinga small numberof examplesrelative
to the dimensionof thefilters, we restrictX to be diagonal
asin covarianceselectiormethodqd9].

4.4 Local Eigenfilters

Thefirst setof experimentsemploys local eigenspacefor
thefilters. As in [5] [15][10], we wantto collectall train-
ing patchedor the variousobjectcomponentandperform
principal componentsnalysison them,but we would also
like to automaticallydeterminehow to incorporatemultiple
patchsizesinto our filters. To apply discriminantfilters to
thisproblem we simulatesmallereffectivewindow sizesby
multiplying thepatchesy a Gaussiarervelope.Depending
on the standarddeviation of this Gaussianmoreor lessof
the peripheryof the patchis setto zero(Figure4). We per
form PCA onthe setof Gaussian-modulatachagepatches
attrainingtime; atruntime, atestpatchis multiplied by the
sameGaussiarand projectedonto the first few significant
eigervectors.

We assigneachg; (z) to a differentwidth of Gaussian
envelope sothateachg; () correspondso PCA onadif-
ferent effective window size. More formally, let G, de-
notea Gaussiarwith zeromeanand standarddeviation o,
andlet the setof all imagepatchese {z1,z2,---}. If we
write {v{,vg ---vZ} for thefirst n principal components
of {Gyz1,Goz2,- -}, thenwe setg;(z) = v’ - G,,=.
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Figure 5: ROC cunesusinglocal eigenspacéeaturesanda Gaussian
classifier Solid curveson theleft andright shav performancef discrim-
inantfilters using eigenfiltersas a basis. On the left, one dottedcurwe is
plottedfor eachparticularpatchsize. On theright, featuresfor all patch
sizesarecombinedat trainingtime, andfeaturesor the medianpatchsize
areusedatruntime. Detailsin thetext.

Thereare 10 differentg; filters, rangingfrom o = .25 to
o = 2.5. Eachhas10 principal componentstesultingin a
10x10basis.

Resultsusingthe Gaussiartlassifierfor discriminantfil-
tersare plottedsolid on Figure 5; resultswhereresponses
are extractedusingindividual ¢; filters are shovn dotted.
Figure6 shavs the sameplot for the nearest-neighbarlas-
sifier. Comparingplots on Figure 6 to eachother, we see
that discriminantfilters with a k-nearestneighborclassi-
fier canbe competitive with previouslocal eigenspacéech-
nigueswhich usek-nearest-neighborsyith the advantage
that multiple window sizes were incorporatedautomati-
cally. ComparingFigure6 to Figure5 suggestshatthe use
of aGaussiartlassifierdoesnot degradeperformancegven
thoughits parameteraremucheasieto estimatehanthose
of k-nearest-neighbors.Furthermore,discriminantfilters
performances almostidenticalto thatof classifiergrained
on all patchesf multiple sizes.

4.5 Gabor Filters

Next we considerbanksof Gaborfilters, usedin a num-
berof recognitionmethods[1§2][18]. Gaborfilters aresi-
nusoidsmodulatedby a Gaussiarervelope;asabove, we
would lik e to usediscriminanffilters to determinewhatfre-
guenciesand Gaussiarwidths lend themselesto effective
partsdetection.

05
Pa

Figure 6: ROC cunesusinglocal eigenspacéeaturesanda k-nearest-
neighborclassifier asin Figure5. Detailsin thetext.
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Figure?: Examplesof filters from the Gaborbasis varying by width of
Gaussiarervelope,frequeng, andorientation.
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Figure8: ROC curesusingGaborfilters anda Gaussiarelassifier dis-
playedasin Figure5. Detailsin thetext.

For theseexperiments,each¢; consistedof a setof 4
Gabofrfiltersorientedatevenintervalsbetweer0 andr radi-
ans.The 25 differentg ;s correspondo eachpossiblecom-
binationof 5 frequenciesangingevenly from .2 to .5 and
5 Gaussiamwidthsvaryingfrom .1 to .75(Figure7). All fil-
tershavea l:1aspectatio. As above,we useddiscriminant
filtersto derive 4-dimensionaimagefeaturesoverthe 4x25
basis,andtrained Gaussiarand k-nearest-neighbarlassi-
fiersto discriminatethemfor the 18 objectpartsandclutter.
Resultsare shavn in Figure 8 and Figure 9 (left). While
discriminanffilters do not performaswell asthe bestsingle
filter setwith a Gaussiartlassifier the performancés com-
parable anddiscriminantfilters achieve betterresultsthan
storingresponsesit multiple scalesat trainingtime. As in
the previous section,the key pointis that we wereableto
computehediscriminanfiltersdirectly, ratherthanrunning
recognitionexperimentgor eachparametesettingin turn.

4.6 Differential Invariants

Thenext setof experimentds appliedto differentialinvari-
antsin “jet” space[19]. To computean nth-orderdiffer-

Figure9: Left: ROC curwesusingGaborfilters anda nearest-neighbor
classifier Thesolid curve plotsperformancaisingdiscriminantfilters; the
dottedcurwe trainson all filter responsesor all ¢;. Right: ROC curwes
using differential invariantsand nearest-neighboclassifier displayedas
thegraphontheleft.

B

Figure10: A filter basisis constructedisingdifferentialinvariantscom-
putedfrom deriatives of Gaussian®ver a rangeof Gaussiarvariances.
Shawn is 8G /99y over thatrangeof variances.

ential invariantfor animagepatch,we corvolveit with all
Gaussiarderivativesup to ordern andconstructinvariants
by multiplying andaddingthe resultstogether As in [19],
our experimentsfocus on the use of 3rd-orderdifferential
invariantsunderthe rigid displacemengroup;thereare9
suchuniqueinvariants,so each¢; will be 9-dimensional.
Theseinvariantsarecomputedusingderivativesof a single
Gaussianso we immediatelyarrive at the problemof de-
termining what its standarddeviation shouldbe. In [19],
Schmidetal computetheinvariantsoverarangeof discrete
scalesttrainingtime andatasinglescaleatruntime; here,
we apply discriminantfilters to the problemof selectingo
sothateachpatchis representedy a singlevectorof out-
putsduringtraining. To do so, we selecta setof valuesof
o andassigneache; to computethe differentialinvariants
for aparticularo. We picked 10 valuesof o rangingfrom
.15t0 .5, giving usa 10x9filter basis(Figure10). As above,
we performed25 trials usingdiscriminantfilters and 25 tri-
als eachfor the individual settingsof o, usinga Gaussian
classifier Figure 11 shaws thatin this casediscriminant
filters perform as well asthe bestsettingof o. Training
a nearest-neighbatlassifierusing all invariantscomputed
for all scales,and at run time usingthe invariantsfor the
medianscale givesresultsthatarecomparabldo thosefor
discriminanffilters (Figure9,right). They arealsocompara-
bleto thosefor theGaussiartlassifier suggestinggainthat
it is possibleto achieve acceptableecognitionperformance
by combininginvariantsat differentwidths automatically
without training a classifieron responsedor all possible
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Figure11: ROC cunesusinglocal differentialinvariantfeaturesanda
Gaussiarclassifier Solid curvesshav performancef discriminantfilters
usingdifferentialinvariantsof varying width asa basis.Left: OneDotted
cune is plottedfor eachwidth setting. Right: Featuregor all widthsare
combinedat training time, and featuresfor the medianwidth are usedat
runtime. Detailsin thetext.



5. Summary and Conclusions

This paperpresentsan approacho the detectionof object
partsbasedon tunedimagefilters. Given an arbitrary set
of basisfilters and setsof labelled patchescontainingthe
parts,we derive the combiningcoeficientsneededo max-
imize discriminationbetweerthefilter outputsfor the vari-
ousclasseslnitial detectiorresultson realdataandimage
filters commonlyusedin the recognitionliteraturesupport
the validity of this technique.As opposedo previous ap-
proachesthis papersuggestshatit is possibleo deriveuse-
ful imageinformationfrom alinear combinationof setsof
basisfilters which spana plausiblerangeof parameteset-
tings, ratherthanselectingone settingor storingresponses
to all possiblefilters separately Thefilters in turn canen-
able simple classificationmechanismghat do not require
muchtuning.
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